This study looks at the historical reliability of the agent-based model of the global energy system. We present a mathematical framework for the agent-based model calibration and sensitivity analysis based on historical observations. Simulation consistency with the historical record is measured as a distance between two vectors of data points and inference on parameter values is done from the probability distribution of this stochastic estimate. Proposed methodology is applied to the model of the global energy system. Some model properties and limitations followed from calibration results are discussed.
Introduction
In real life however, actor decisions that drive transitions are heterogeneous, interdependent, myopic and are better characterized by "bounded rationality". There is also no global coordination and perfect cooperation among actors, making universal implementation of policy measures impossible to achieve. This is among the reasons why to date energy systems and climate policy models are used exclusively in a forecasting mode, projecting out into the future, and have to date not been able to replicate major past transitions (Grubler 2012 ). This also severely limits any endogenous validation of future scenarios against the historical record. The more technology is tried, the higher the probability that its cost will decrease.
Agent-based model

Description
Consequently new technologies with highly uncertain characteristics and small market volume will be adopted only very cautiously, yielding the classical slow take-off pattern of technological diffusion (Grubler 1991 
Model simulations and historical observations
We do not provide a detailed description of Other variable characteristics of the agent-based model remain constant during simulations and define a context, in which calibration procedure is performed. In this study we reduce the efficiency of boiler technologies as described in Table 1 and set the growth rates of energy service demands to the values shown in Table 2 . The values of these characteristics in the agent-based model were minor revised to be consistent with the initial state of the historical trajectory of primary carbon. and is an index of the simulation run. We measure the fit of the simulation outcome to the historical time series ℎ 1 , ℎ 2 , … , ℎ by distance between two vectors of data points:
where ∈ and = 1 … . is a finite set of possible parameter combinations. Note that for now we consider one-dimensional trajectories.
As the agent-based model has stochastic nature, distance ( ) is a random value. Here we make no assumptions on the distribution of this random variable, but proceed with the empirical cumulative distribution function ̂( ) as its non-parametric estimator. Additionally, we discretize data and put a uniform grid on the distance values. Below it is assumed that grid approximation of the empirical distribution function can be neglected with respect to the proposed solution of the inverse problem.
Calibration
Distance ( 
hold. Here | | is a number of parameter combinations in and −1 ( ) denotes an index in the original sequence for the -th parameter vector in the permutation. We call this permutation an optimal permutation of parameter combinations. For the sake of simplicity, we do not consider a case when any of the inequalities, which define the optimal permutation, holds as equality, and therefore, the optimal permutation of parameters is unique. 
Sensitivity analysis
Basically, proposed calibration process is a The entropy rate of the first order Markov source with states equals
where is an entropy of the state and is a stationary probability associated with this state.
In entropy computations we take the logarithm to base 2. Consequently, the entropy rate is 
Numerical examples
In this section we present calibration results Table 4 Locally dominant values in parameter domains. Case of individual response indicators
Figure 2 Dynamics of calibration results for the case of individual response indicators
Response indicator
Initial cost of technologies (1) Learning rate (2) Innovation rate (3) Retention time of technologies (4) Heat demand Table 6 and illustrated in Figure 3 . Results are included in Table 7 .
Discussion
Variability and models' fit
Under model variability we distinguish two Initial cost of technologies (1) Learning rate (2) Innovation rate (3) Retention time of technologies (4) Figure 4 for the heat demand response indicator. Simply speaking, it is not necessary that two adjacent parameter combinations in the calibration results (with small deviation in ( ) ) correspond to the models with similar structure in development paths.
Figure 4
Simulation trajectories for successive parameter combinations in calibration results.
Case of the heat demand indicator
Energy service demands
The historical fit for energy service demands is characterized by the low costs of technologies, which have a moderate threshold to being created and adopted in the existing energy chains. But at the same time technologies stay available for a long period after they were developed. This scenario (in terms of parameter combinations) is preferable to replicate the historical record in independent measurements for heat and mobility demands and for joint measurement of energy demand structure, which reconciles effects in each of energy demand dimensions.
Additionally, results of sensitivity analysis suggest that technological learning rate has a highly irregular and nonlinear impact on the system ability to replicate observations in energy demands. This result is also supported by the fact that the value of learning rate differs significantly in the "best estimate" solutions of independent measurements. It should also be noted from performed analysis that a low threshold for technologies creation (minimum value of innovation rate parameter) almost surely limits model performance in the dimensions of modern service and non-fuel demands. In fact, we observe from the model, that energy chains to these demands require creation of sophisticated technologies to fit the historical rate (which is plausible in terms of historical experience).
Predictions on carbon emissions
We observe the almost constant performance of the agent-based model in the primary carbon dimension. This result is illustrated by small deviations in the values of ( ) shown in Figure   2 . Thereby, the rate of carbon emissions is 
Joint measurement in dimensions of energy and carbon emissions
The 
Conclusions
Our The share of the -th chain in the energy service demand equals
where ̃+ 1 is the non-normalized share at step + 1, is the normalized share at step , is the price for satisfying the demand at step , +1 is the cost of technology chain at step + 1
and is defined as such a way that when the chain's cost is close but less than the market price, it will take around 50 years for the chain diffusion from 10% to 90%.
The chain is considered as inactive when its share is less than 10 −6 .
There is a limit on the annual use of each renewable resource, which cannot be exceeded:
biomass -2.56 × 10 10 kwyr, wind -9.5 × 10 9 kwyr, hydro -3.56 × 10 9 kwyr, geothermal - 
